https://doi.org/10.26160/2474-5901-2019-14-118-123
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Abstract. The review of models, methods and algorithms usethodern systems of predictive
analytics for power equipment is carried out.
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MNPEIUKTUBHOM AHAJIMTHUKHU B SHEPTETUKE
Ilepoamos U .A.

KioueBble ¢JIOBa: cUCTEMa MPEANKTUBHOW aHAIMTHKH, YHEPTeTHKA, HEHPOHHBIC CETH, OOJbIINE
nmannbie, Magycrpus 4.0.

Annoranms. [IpoBeneH 0030p Mojeneil, METOIOB U aJrOPUTMOB, IPUMCHSIEMBIX B COBPEMEHHBIX
cUCTEeMaX MPEUKTHBHOM aHAIUTHKY IS YHEPTeTUIESCKOr0 000pyI0BaHUS.

Obtaining an accurate prediction of equipment failwill allow planning
activities and resources (financial, human, materend machines) to bring a
particular piece of equipment into proper techniahdition. For forecasting the
characteristics based on expert knowledge and skangption that dynamics of
change of a number of parameters testifies to raibf the equipment (with a
certain confidence through some interval of tinre) @sed. Such systems are called
predictive or predictive. Predictive analytics gyss (PAS) are increasingly used in
various fields due to the increasing capabilitiésscomputer technology for the
software implementation of mathematical methodspfocessing large amounts of
data. Big data is heterogeneous. Therefore, thbadstof their treatment and SPA
are inseparable and are part of the technologieaisbof the new industrial
revolution or Industry 4.0 [1].

Let us agree that the Big Data in the frameworktlos study will be
understood as unstructured telemetry informatied tio real-time counts and
coming from the systems of the AMR and SCADA lewd, well as accounting
systems, MES, ERP, EAM. Big Data and its processappbilities should provide
the energy sector with a qualitative leap forwarthie near future.

When implementing PAS and Big Data methods in thergy sector, a very
important aspect is the technical side of thisessaflecting the complexity of the
implementation of algorithms and their applicalilib specific types of data, as
well as obtaining forecasts of faults and failufgs KNIFE [3] uses k-means
algorithm and autoregressive model for predictirmyameter values for data
clustering. Two drawbacks should be noted, nant&dy it is necessary to know in
advance the number of clusters and that this algoris extremely sensitive to the
choice of the initial cluster centers. Autoregreesmodels are sensitive to the
choice of order, which in turn affects the timee(i$peed of calculations decreases
with increasing the order of the regression mottefbtain the forecast.
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One of the most frequently used methods of predidiie technical condition
of equipment, including in power engineering, isdalng using time series. In
fact, the analysis of time series of parameters diaracterize the technical
condition of the equipment. The time series itsglthe sum of two components
(trend and error functions) [4]. Machine learnirygtems based on artificial neural
networks (ANN) can be used for the purposes ofciaséng based on retrospective
data [5].

As part of the IDARTS methodology, solutions basadknowledge and rules
used for decision-making, troubleshooting, potérdieviations and other critical
events for the operation of equipment are usedT[iéé practical implementation of
IDARTS is a multi-agent system, where there is anlber of agents who are
responsible for monitoring equipment, monitoringpsystems that combine several
units of equipment, etc.

Methods of Deep Learning [7] can be used to sohegliption problems, for
example, multilayer ANN. These technologies areduse monitor operating
conditions, identify emerging defects, diagnosd mauses of failures [8], diagnose
and classify equipment faults [9]. The [7] alsoersfto the need to develop an
intelligent maintenance strategy that will deterenithe current state of the
equipment during its operation to predict mainteeaactivities. It is noted, that
general recurrent ANN can be used to predict thepgmation of defects and
estimate the remaining life of elements.

In [10], data-based diagnostic methods are divioked signal processing,
intelligent, and pattern recognition methods. Asrefasting methods for
establishing various kinds of functional dependesian the energy sector are used:
regression models, for example, linear regressigorédict the speed of the power
turbine depending on the reduced speed of the fnigbsure compressor, multiple
linear regression, nonlinear regression to prethet reliability and reliability of
energy equipment [11]; ANN to diagnose the staté fault location equipment
[12]; fuzzy set theory and fuzzy logic for solvipgoblems of energy consumption
forecasting [13].

Advantages and disadvantages of classical methbdsrecasting models
construction (without ANN and fuzzy systems) on liasis of data and time series
are described in [11]. Regression models of a apégpe [14] allow to obtain
adaptive predictive models. These methods openale with statistical data of
large volume and allow not to study deeply the pisysf the processes. But at the
same time, the successful implementation of thesdets and methods requires
large amounts of samples and computing resourdeishvoften leads to the need
for multi-computer and cloud computing.

The classical methods of forecasting can also declnathematical models
that use Markov chains, when the future state efdbject does not depend on the
trajectory of the object to the current state. Markrocesses can be used to obtain
normative values of reliability indicators in thesign of equipment of energy
enterprises [11]. There is also a class of meth@ddled classification and
regression trees (CART models) or sometimes calledsion trees. In power
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engineering CART is used for various purposes [&5kessment of the production
safety, transport and distribution of energy, forample, the transition to a
potentially hazardous mode of operation; preventawed corrective control,

ensuring the operation of the equipment in modeseclto the limit, but not

allowing the transition to an unacceptable stat@ergency protection system
ensuring the disconnection of the equipment betbee occurrence of adverse
events, and failure; forecasting and identificatadrenergy equipment conditions;
equipment fault diagnosis.

Monitoring of the object state and early detectioh instability of its
functioning can be carried out using Hotelling mapien the exit from the control
border on the map is an indicator of early detectiba violation in the operation of
the equipment [16]. Various modifications of theyBsian approach can be used to
predict the occurrence of accidents and failurethénenergy sector. In work [17]
the dynamic Bayesian network of trust which reaicraallows to predict values of
probability of failures and to carry out searchdeffects and malfunctions in the
corresponding systems of decision support is affef@ecision support systems
(DSS) are a separate subclass of energy equipm&ntemance systems in good
technical condition [18]. In the development anglementation of such systems,
much attention is paid to the organization of hunreachine interaction.

Another very important task is to determine the maeisms of models
integration describing the production or energytesyswith models of forecasting
and analytical data processing. For example, thek Wif] uses the expertise of
process engineers and specialists in the fieldatd @grocessing, forming a certain
set of metamodels of the subject area. And forewpss carried out using the
ANN. There are systems that predict the period rotitile-free operation and
allocate dangerous modes of operation of the ecqemprfiPRANA" system) [20].
The PRANA system uses empirical models based aiststa, which requires
conversion of coefficients and involves significanmputational difficulties.

The critical analysis of literature sources in tiedd of processing of big data
and time series for the purposes of assessing tie sf the equipment and
predicting its reliability leads to the conclusitdmat it is advisable to develop an
original approach to creating a PAS for energy camgs.
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